INTRODUCTION
Hematopoiesis entails differentiation of the hematopoietic stem cell (HSC) through progenitor intermediates to terminally differentiated blood cells exhibiting vastly different morphologies and functions. The transcriptional control of HSC differentiation is still poorly understood, despite advances in mouse genetics that have elucidated the role of certain pivotal molecules within the developmental hierarchy. A few transcription factors have been shown to be essential for specific lineages: for example, early B cell factor-1 (ebf1) in B lymphocytes (Lin and Grosschedl, 1995) , and gata2 in megakaryocytic differentiation (Ling et al., 2004; Orkin et al., 1998) . However, the number of genes demonstrated to be critical for differentiation within most hematopoietic lineages is extremely small. The few global approaches that have been used to study regulation of hematopoietic cells have focused either on comparisons between HSCs and other stem cell types (Ivanova et al., 2002; Ramalho-Santos et al., 2002) , or between HSCs and pools of their differentiated progeny (Toren et al., 2005) , which limits the ability to identify candidate regulators due to the choice of the comparator populations.
We have taken a systematic approach to identify genes uniquely expressed in murine HSCs, as well as in their differentiated counterparts. Bioinformatics enabled investigation of lineage relationships, dominant genetic pathways, and chromatin status in HSCs versus differentiated cells. We also identified ''fingerprints'' for each cell type comprised of genes uniquely expressed therein, and we show that at least two of these fingerprint genes participate in regulation of cell-type identity. These studies have uncovered a number of genes as novel candidate regulators of HSCs and their differentiated progeny, many of which will be of interest for therapeutic modulation of these populations.
RESULTS
To identify genes uniquely expressed in HSCs and their differentiated progeny, we took a global gene expression profiling approach, determining in parallel the transcribed genome of known coding transcripts in HSCs as well as their major differentiated lineage, including natural killer (NK) cells, T cells, B cells, monocytes, neutrophils, and nucleated erythrocytes. Because we were particularly interested in potential similarities between HSCs and T cells, we examined both activated and naive CD4 + (helper) and CD8 + (cytotoxic) T cell subsets. Each population was purified to at least 95% purity, and multiple parameters were standardized to reduce technical variation (see Table S1 and Supplemental Experimental Procedures in the Supplemental Data available with this article online). RNA from the samples was processed and hybridized to Affymetrix MOE430 2.0 microarrays, which have probe sets representing about 20,000 genes. The entire data set is available (Table S2) in GEO (accession number GSE6506), and a gene-by-gene query can be performed (http://franklin.imgen.bcm.tmc.edu/loligag/).
Gene Expression Patterns Reflect Ontogeny
We first used the data set to investigate assumptions concerning relatedness of the hematopoietic cell types, as the similarity of gene expression profiles between different populations is thought to reflect their ontogeny relationships (Puthier et al., 2004) and may shed light on the debate regarding their developmental origins. We used cluster analysis to assess relative distance of the transcriptome of each cell type, resulting in a branched ''family tree'' based on the similarity between overall transcription patterns ( Figure 1A ). The HSCs clustered with the lymphocytes, supporting a recent report that HSCs and lymphocytes share many similarities, and may indicate a conserved mechanism between HSCs and lymphocytes of long-term quiescence interrupted by bursts of proliferative stimuli (Luckey et al., 2006) . Also noteworthy is the very distinct nature of the activated T cells (both CD4 + and CD8 + ).
We used principal components analysis (PCA) to further explore the cell-type relationships. When the relative expression distance between each averaged chip pair was examined with PCA in the two dimensions that contain the greatest variance within the data (first and second principal components; PC1, PC2), we found the cell types cluster on the basis of ontogeny, with the stem cell having a centralized position ( Figure 1B ). This analysis reveals the striking segregation of lymphoid, myeloid, and erythroid cells into three discrete clusters. Both cluster analysis and PCA indicate that erythrocytes are distant from myeloid cells (monocytes, granulocytes), supporting a recent observation that they arise independently of a common myeloid progenitor (Adolfsson et al., 2005) .
Genetic Fingerprints Unique to Each Cell Type
We next examined the data to determine whether there were genes exclusively expressed by particular cell types. Such a genetic ''fingerprint'' would be expected to contain some genes encoding proteins involved in unique cell functions, as well as regulatory proteins that may direct expression of other genes in the fingerprint.
We defined fingerprint genes as those that were ''on'' in one cell type, and ''off'' in all other profiles by establishing expression thresholds above and below a conservative window selected by real-time PCR ( Figure S1 ). An expression value of 5 or greater was considered ''on,'' and 4 or less was considered ''off'' (log[2] scale). Examples of uniquely expressed genes found in fingerprints are ecotropic viral integration site-1 (Evi1), a known proto-oncogene (Mucenski et al., 1988) and the most differentially expressed gene in HSCs, killer cell lectin-like receptor family E member-1 (Klre1), an NK cell receptor (Wilhelm and Mager, 2003) , and T cell receptor alpha on T cells (Figure 2A) .
The filter was also applied to groups of cell types to determine a ''shared'' fingerprint for all differentiated cells, as well as the lymphoid (NK, T, and B cells) and myeloid (monocytes and granulocytes) branches, which defined mutually expressed genes excluded from other cells ( Figure 2B ). Strikingly, expression of the gene for the cell surface marker CD48 identifies all the differentiated cell types, but not HSCs, consistent with recent reports (Kiel et al., 2005) . Similarly, CD2 expression marks the lymphoid lineage, and Trem1 the myeloid lineage. For the purpose of identifying a T cell fingerprint, we chose to combine both types of naive T cells and exclude the activated T cells in order to uncover genes responsible for T cell differentiation and not T cell activation.
Each cell-type fingerprint contained 40-100 genes, except the HSC and erythroid cell fingerprints, which both had $350 genes ( Figure 2C and Table S3 ). The shared lymphoid fingerprint, representing genes shared by all lymphoid cells and excluded from stem cells, contained only 18 genes, reflecting their similarity to stem cells. Expression differences between microarrays were assessed on the basis of cluster analysis and principal components analysis (PCA). (A) A dendrogram displays distance in a branching fashion where the right-most branch point indicates the cell types with the highest degree of similarity, with replicates most similar. The HSCs are most transcriptionally similar to lymphocytes, with activated T cells quite distinct. (B) When relative distance is collapsed to two dimensions using PCA, the HSC arrays reside at a midpoint between lymphocytes, myeloid cells, and erythrocytes.
The myeloid fingerprint contained 154 genes, and 36 genes were shared among all differentiated cells. Finally, there were $9000 genes expressed by all hematopoietic cells (Table S3) ; many are likely ubiquitously expressed housekeeping genes, but some may be unique to the entire hematopoietic system, such as CD45.
The fingerprints contain some genes known to be important for the function of certain cell types, such as Gata1 in the erythroid lineage (Evans et al., 1988; Wall et al., 1988) and the CSF1 receptor (Csf1r) in the monocyte lineage (Roussel and Sherr, 1989) , validating the approach for identification of cell-type-specific genes ( Figure 3A) , as well as many under-studied genes that may have a regulatory role or serve as novel markers. Likewise, the shared fingerprint genes are either required for the function of all family cell types, such as Atm in the lymphoid fingerprint , or for differentiation of the cell-type family ( Figure 3A) . We predict that common progenitors will express some of the shared fingerprint genes ( Figures 3A  and 3B ), which could be developed as tools for markers of those progenitors, or as regulators of their fate.
To assess whether deficiencies of fingerprint genes result in hematopoietic defects, we examined phenotypes in the Jax Mouse Genome Informatics database (MGI; v.3.44) for all genes that had a reported knock-out allele. Remarkably, several fingerprint genes with available knockouts show defects in either differentiation or functionality of a lineage ( Figure 3C and Table 1 ). A striking example from The normalized (log 2 ) expression intensity is shown. The gray line indicates the threshold window, above which a gene was considered to be expressed, and below which, nonexpressed, for selection of uniquely expressed genes in the ''fingerprints.'' (A) Shown are three examples of genes expressed in a specific cell type, or (B) a group of cell types including all differentiated cells, lymphocytes, or myeloid cells. The fingerprints are summarized in a heat map (color indicates normalized expression level [log 2 ]; darker corresponds to higher expression). (C) Cell-type specific fingerprints, and (D) shared fingerprints.
the B cell fingerprint is the Ebf1 knockout, which exhibits a complete loss of B cells (Lin and Grosschedl, 1995) . Likewise, ablation of HoxA9, an HSC fingerprint gene, results in severely impaired HSCs (Lawrence et al., 2005) . All fingerprints, with one exception, demonstrated a statistically significant enrichment for genes exhibiting a hematopoietic phenotype when knocked out (defined by MGI as either ''hematopoietic system'' or ''immune system'' phenotypes) (z-test, Table S4 ). Only the 9000 gene common fingerprint was not found to be enriched for a hematopoietic phenotype, most likely due to the preponderance of housekeeping genes in this list.
HSCs and T Cells Share a Similar Transcriptional Program of Activation
Anecdotal observations have suggested that HSCs and T cells share a number of markers as well as regulatory genes. These similarities could result from a similar lifestyle of long-term quiescence followed by expansion (Luckey et al., 2006) , or could be related to the evolutionary history of the hematopoietic system; specifically, HSC transcription factors may have been adapted for lymphocyte development and maintained for T cell differentiation (Rothenberg and Pant, 2004 ). Because we were interested in a potential relationship between HSCs and T cells, and also the similarity between HSC activation and T cell activation, we examined this in greater detail.
Cluster analysis was repeated with T cell data alone. This analysis again showed the importance of activation for distinguishing T cell subtypes compared to their CD4/CD8 status ( Figure 4A ). We next compared the activated versus naive T cell data to our previous study, in which we identified genes that change during HSC activation, as stimulated by 5-fluorouracil treatment (Venezia , 2004) . A list of genes that differ between activated and naive T cells was generated from a pairwise comparison. The average expression values of these genes in HSCs over the activation time course were then plotted. On average, genes that were upregulated in activated T cells were also upregulated in activated HSCs (Figure 4B ; genes increasing in expression on days 2-6 of HSC activation; one-way ANOVA p % 5.23 3 10 À4 , alpha = 0.05), whereas naive T cell genes have the reciprocal signature, being more highly expressed in quiescent HSCs (p % 3.44 3 10 À3 , alpha = 0.05). This analysis suggests that the mechanisms that regulate the activation state in HSCs and T cells may be similar. We next sought to identify genes distinguishing the T cell subsets, irrespective of their expression pattern in the other hematopoietic cells, using the same threshold criteria applied to the hematopoietic fingerprints. For each T cell type, the number of genes uniquely expressed in each ranged from 13 (CD4 activated) to 73 (CD4 naive) ( Figure 4C and Table S5 ). This strategy also revealed that the number of genes shared between activated and naive CD4 + T cells, but excluded from their CD8 + counterparts, was only four; included is Zbtb7b, a gene that permits selection of CD4 + T cells in the thymus (Sun et al., 2005) .
Activated and naive CD8 + cells shared eleven genes, including the a and b chains of CD8 ( Figure 4D ). However, the CD4 + and CD8 + naive T cells shared 215 genes with each other, while the activated cells shared 174, emphasizing the dramatic changes helper and effector T cells undergo during activation ( Figure 4A and Table S4 ). As expected, activated T cells upregulated markers such as Il2ra (CD25) (Crabtree, 1989) and Icos (Flesch, 2002) . This list includes a substantial number of undercharacterized genes, such as two Riken clones confirmed by RT-PCR (3110082i17Rik and 4933403f05Rik, Figure S4 ) named Heist (for higher expression in stimulated T cells) À1 and À2.
Lineages Enriched for Key Pathways
To investigate whether certain signaling or metabolic pathways are likely to be operating in specific cell types, we utilized the Kyoto Encyclopedia of Genes and Genomes (KEGG) to group genes into specific pathways (Ogata et al., 1999) . The mean expression value for all arrayed genes in each pathway was determined for every cell type, and categories with significant variation (i.e., difference between the cell types; 65 categories; ANOVA p value % 0.05, alpha = 0.05) were displayed ( Figure 5 and Figure S2 ). Notably, genes involved in Wnt signaling were overrepresented in HSCs, consistent with a putative role for this pathway in cell fate decisions (Kirstetter et al., 2006; Reya et al., 2003; Scheller et al., 2006) . In addition, we find prostaglandin and leukotriene metabolism enriched in myeloid cells, and Notch signaling enriched in HSCs, activated CD8 + T cells, and monocytes. The KEGG database contains six categories with some redundancy; therefore we chose to classify the 65 significant pathways as either metabolism or signaling and assess each cell type for abundance within these two pathways. Myeloid cells displayed the greatest abundance of both metabolic and signaling pathways. T cells showed a pattern of increasing metabolic pathways and decreasing signaling pathways upon activation. B cells and NK cells showed a greater abundance of signaling pathways, perhaps indicative of their role as primary sensors of the immune system. Nucleated erythrocytes displayed lower abundance of signaling pathways and a greater proportion of metabolic pathways, as would be expected during the final stages of erythrocyte differentiation. HSCs showed the third highest abundance of active pathways with signaling pathways represented most, consistent with a state of differentiation readiness.
Bioinformatic Analysis Indicates HSCs Have an Open Chromatin State
Stem cells have been speculated to maintain an open chromatin state in order to facilitate rapid differentiation (Akashi et al., 2003; Hu et al., 1997) . This is consistent with the idea of stem cell ''priming,'' where progenitors may express low levels of genes necessary for multiple differentiation programs, most of which become repressed as lineage choices become restricted during differentiation (Hu et al., 1997; Jimenez et al., 1992) . This suggests a major role for chromatin remodeling during differentiation.
We probed chromatin status using high-level analysis of our gene expression data, reasoning that ''open'' KEGG was used to identify which cell types exhibit an over-or underabundance of components of molecular pathways, with significant differences between cell types determined by an ANOVA (one way, a = 0.05). For pathways containing genes found on the array, the mean expression value for all genes within a pathway for each cell type is displayed as a function of color (yellow corresponds to low average expression, dark blue to high). Pathways are ordered by high expression within a cell type from left to right. Below the heat map, the number of neutral to overabundant categories is denoted, and the percent of those pathways that are signaling and metabolic is indicated. This method identified differences in KEGG pathway activity between the cell types; pathways equally active in all cell types will not appear significant. Cell Stem Cell chromatin would translate into measurable expression by cohorts of chromosomally adjacent genes. We generated a map, for each cell type, of all transcribed genes (using 4.5 as the expression threshold), and identified genes within windows of at least 20 adjacent coexpressed probe sets (representing 14 genes on average). We then subtracted each cell type's chromosomal expression map from the chromosomal expression maps of each other population to observe differences in chromosomal transcribed regions, as illustrated in Figure 6A . (The complete set of comparative analyses, including 2000 maps, is downloadable at http://franklin.imgen.bcm.tmc.edu/ loligag/). To assess this novel method we examined two loci known to be regulated via chromatin remodeling: the interleukin-4/interleukin-13 locus on chromosome 11 (Rogan et al., 2004) and the globin locus on chromosome 7 (Li et al., 2002) . Both loci were found to have a higher density of transcription within the anticipated cell type (activated T cells and nucleated erythrocytes, respectively; Figure S5 ). When HSCs were compared to all other cell types across the X chromosome, the HSCs exhibited many more regions of open chromatin, evidenced by peaks on the plots. The reverse is true for the erythrocytes ( Figure 6B) , with mostly valleys. By calculating the area under the curve, the percentage of open chromatin for each cell type was determined and displayed graphically for each chromosome ( Figure 6C ; the entire set, including tabular representation, is available at http://franklin.imgen.bcm.tmc. edu/loligag/). On all chromosomes except 17, the chromatin is highly accessible in HSCs, relative to the other cell types. Remarkably, the X chromosome displays an extreme degree of openness. The same analysis with monocytes shows a variable degree of chromatin accessibility, while erythrocytes were largely closed except for chromosome 14. The marked openness of chromosome 14 in erythrocytes may indicate the presence of a number of linked genes involved in erythrocyte generation.
Fingerprint Transcription Factors Can Bias Differentiation to Their Lineage
To test whether the lineage fingerprints contain genes involved in lineage specification, we attempted to bias hematopoietic differentiation by overexpression of putative regulatory fingerprint transcription factors. We chose three transcription factors: Sox13, Ets2, and Zfp105 from the granulocyte, monocyte, and NK cell fingerprints, respectively. Ets2 is member of the ETS family of transcription factors and is implicated in acute myeloid leukemia (Aperlo et al., 1996) ; Zfp105 has so far only been implicated in spermatogenesis (Przyborski et al., 1998) . MSCV-based retroviral vectors containing each of the genes coupled to eGFP via an IRES were used to transduce bone marrow progenitors, which were then transplanted into lethally irradiated recipients ( Figure 7A ). Peripheral blood of the recipients was analyzed 12 weeks after transplantation for the proportion of transduced GFP+ cells in different blood lineages, compared to controls (transduced with GFP vector alone). Sox13 Cell Stem Cell overexpression had no discernible effect on lineage distribution (data not shown). However, Ets2 overexpression resulted in an increase in myeloid cells, and a decline in T cells ( Figure 7B ). When the F4/80 marker was used to specifically track monocytes, an $4-fold increase in monocytes derived from Ets2-transduced cells was evident in the peripheral blood, relative to controls (two-sample t test assuming equal variances, two-sided p % 0.007, alpha = 0.05), indicating that overexpression of Ets2 can bias differentiation toward the monocyte lineage. Even more striking were the results of overexpression of Zfp105. Both T and B cells were significantly reduced in the Zfp105-overexpressing cells relative to controls (Figure 7C ). NK cells, enumerated using the NK1.1 marker, showed a greater than 5-fold increase (two-sample t test assuming equal variances, two-sided p % 10
À6
, alpha = 0.05). Interestingly, the total percentage of Zfp105-transduced cells was quite low in these mice ($2% at 12 weeks, compared to $18% in GFP alone), suggesting that overexpression of a powerful differentiation factor is incompatible with maintenance of stem cell function. These data do not exclude the possibility that overexpression of Ets2 and Zfp105 exerts their effects on cell-type representation in part by increasing cell survival or proliferation; the mechanism through which these genes act will require more in-depth analysis.
DISCUSSION
We have taken a systematic approach to identifying the molecular components of the hematopoietic system, including stem cells and their differentiated counterparts. The unique cellular fingerprints enabled us to identify genes exclusively expressed in specific cell types, or shared by related populations. These fingerprints contain some known genes, and ablation of many of the genes results in a phenotype consistent with their expression pattern ( Table 1) .
The fingerprints also contain many unstudied genes, some of which may play a functional role, and others which may regulate other genes in that fingerprint, thus participating in cell type specification. The proportion of genes currently identified as unnamed Riken clones or other expressed sequence tags (ESTs) ranged from 14% in HSCs to 35% in naive T cells, with an average of 25% in the lineage-specific fingerprint genes. These data open many new avenues for study in all of the populations we have characterized, and we predict that modulation of at least some of these unknown genes would impact hematopoiesis.
Some of these fingerprint genes may be used as markers to uniquely identify and purify particular populations. While markers are available for many cell types, these have been developed empirically over the years and in many cases are not exclusively expressed on the population of interest, complicating data analysis. For example, an unexploited cell surface marker whose expression is common to the differentiated cells is CD82. In contrast is the HSC-specific Tie2, shown to be important in maintaining HSC quiescence . All of the fingerprints contain additional cell surface molecules that could be used to develop new cell-identification strategies. Most exciting is the identification in the fingerprints of potential new regulators of HSCs and of hematopoietic differentiation. Each fingerprint contains transcription factors that are candidates for playing a regulatory role in that population. As shown above, overexpression of two of these, Ets2 and Zfp105, unique to monocytes and NK cells, respectively, resulted in significantly biased differentiation toward their respective lineages. Again, each fingerprint contains a number of other candidate regulators that could be similarly exploited. Regulators that are truly unique to specific lineages could be a powerful tool to modulate production of those cell types for therapeutic purposes. For example, inhibition of gene products specific to activated T cells may be useful in autoimmune disease; similarly, inhibition of products specific to B cells could be applied to inhibit production of B cells in B cell lymphoma, as has been shown to be clinically successful in the application of anti-CD20 antibody (Press et al., 1987) .
Analysis of the fingerprints using KEGG ( Figure 5 ) showed distinct pathways enriched in different cell types. HSCs were notably enriched in the Wnt signaling pathway, which has previously been implicated in self-renewal (Reya et al., 2003) but not explored in depth. We found members of both canonical and noncanonical Wnt pathway activation in stem cells, including unique expression in HSCs of multiple Wnt receptor genes (Fzd3, 4, 6, 7) , as well as the tyrosine kinase Ryk, thought to be involved in noncanonical Wnt signal transduction (Cadigan and Liu, 2006) . Other members of the Wnt signal-transduction pathway, such as disheveled 1 and b-catenin, were present in all cell types examined.
Also emerging from these data is the observation that a number of cell-type-specific genes are associated with oncogenic transformation when aberrantly expressed in other cell types. For example, Pbx1, a shared myeloid fingerprint, is vital to myeloid development and differentiation (Piccaluga et al., 2006) but is commonly found overexpressed in B cell leukemia. Likewise, Evi1, an HSC fingerprint gene, is frequently involved in human myeloid leukemias (Barjesteh van Waalwijk van Doorn-Khosrovani et al., 2003) .
HSCs had the largest fingerprint, with over 10% of the genes being proven or putative transcription factors. This suggests that quiescent HSC are poised for action and ready to differentiate. This is consistent with the idea of stem cell priming (Hu et al., 1997; Jimenez et al., 1992) , where many genes in stem cells are accessible, and in some cases already expressing low levels of differentiation markers (Akashi et al., 2003) . The observation that ES cells show similarly ''poised'' patterns of regulation at the chromatin level (Boyer et al., 2005) suggests that even disparate kinds of stem cells may use similar strategies to effect rapid differentiation. Our chromatin state analysis also supports this idea, by showing that in HSCs, nearly every chromosome is more open, as measured by coexpressed adjacent genes. The X chromosome exhibited an extreme degree of openness, consistent with a previous observation that there are a large number of active genes on the X chromosome in HSCs (Forsberg et al., 2005) . Genetic linkage analysis has also implicated the X chromosome in regulation of HSCs (Henckaerts et al., 2002) . The quantitative trait locus (QTL) scpro11 is found within an open region of this chromosome, providing evidence for the importance of an X chromosome with open chromatin for stem cell function (Geiger et al., 2001) . Equally striking was the degree to which chromosome 17, which also contains a QTL determining HSC frequency (Morrison et al., 2002) , appeared most closed in HSC. Previous work from our lab showed that several genes on chromosome 17 become upregulated when HSCs are stimulated to proliferate (Venezia et al., 2004) , suggesting a role in maintenance of quiescence.
Other investigators have used expression profiling to identify HSC-enriched genes (Akashi et al., 2003; Ramalho-Santos et al., 2002) . We found that the majority of these were found in our data to be expressed in HSCs ($94% within , suggesting high similarity between the analyzed cell populations; however, few of these were found to be specific to HSCs according to our fingerprint analysis. Nevertheless, eleven of our HSC fingerprint genes were found within one or the other HSC-enriched lists (Ghr, Ryk, Gab1, Yes1, Yap1, Tead2, Gsta4, Meis1, and Nr4a2) . The lack of overlap between our HSC fingerprint list and other HSC-enriched gene lists likely reflects the different comparator populations used to generate the lists. The Ramalho-Santos and Akashi studies respectively used ES and neural stem cells or hematopoietic progenitors as their comparators, whereas we used differentiated hematopoietic cells. Further comparison of our expression data to that obtained from other studies of differentiated hematopoietic lineages may yield additional insights.
To our knowledge, this resource is the first broad molecular portrait of any developmental system including a stem/progenitor cell and most major progeny. The database is the first step toward a comprehensive transcriptional profile of the entire hematopoietic system, and in the future may be refined with the addition of other cell types (e.g., megakaryocytes and progenitors), as well as the use of platforms that enable analysis of the complete coding and noncoding genomes. Even the current data set can be more deeply mined as some of the poorly characterized transcripts represented on the arrays are better annotated or newer array analysis strategies become available. Nevertheless, the data and analyses presented offer a resource for further investigation into the regulation of HSCs and their differentiation. The wealth of genes identified as candidates for functional and regulatory roles in hematopoietic cells will enable new lines of investigation and therapeutic approaches to modulate the activity of these cell types.
EXPERIMENTAL PROCEDURES
Mice and Cell Purification All cell types were purified according to published protocols using a combination of magnetic and flow cytometric cell sorting to achieve at least 95% purity. Details are given in Table S1 . C57Bl/6-CD45.1
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Cell Stem Cell mice housed in a specific pathogen-free barrier and fed autoclaved acidified water and mouse chow ad libitum were used. Cells were purified from 8-to 12-week-old female mice; each population was purified on two separate occasions from pools of tissue from at least four mice (biological replicates). RNA from all samples were processed together and were amplified from approximately the same number of cells prior to hybridization to Affymetrix MOE430 2.0 microarrays, which include $45,000 probe sets representing about two-thirds of the coding genome. Nucleated erythrocytes from whole bone marrow ( LT-HSCs were isolated as shown previously (Camargo et al., 2006 
RNA Purification and Hybridization to Microarrays
RNA was isolated from 1 3 10 5 cells (except for HSCs, which were from 2.5-5 3 10 4 cells), using the RNAqueous kit (Ambion, Austin, TX, USA), treated with DNase I, and precipitated with phenol:chloroform:isoamyl alcohol. The RNA was linearly amplified as previously reported (Venezia et al., 2004) . Briefly, two rounds of T7-based in vitro transcription using the MessageAmp kit (Ambion) were undertaken, and the RNA was labeled with biotin-conjugated UTP and CTP (Enzo Biotech). Amplified biotinylated RNA (20 ug) was diluted in fragmentation buffer, incubated at 94 C for 25 min, and stored at -80 C. A sample was run on a 4% agarose gel to confirm an RNA fragment length of $50 bp. The labeled RNA was hybridized to MOE430.2 chips according to standard protocols. For signal amplification, the chips were washed and counterstained with PE-conjugated streptavidin and a biotinylated anti-streptavidin antibody. The raw image and intensity files were generated using GCOS 1.0 software (Affymetrix). All microarrays used in this study had to pass several quality control tests, including a scale factor < 5, a 5 0 to 3 0 probe ratio < 20, and replicate correlation coefficient > 0.96.
Microarray Analysis
Normalization and model-based expression measurements were performed with GC-RMA. GC-RMA, as well as additional analytical and annotation packages, is available as part of the open-source Bioconductor project (www.bioconductor.org) within the statistical programming language R (http://cran.r-project.org/) (Team, R.D.C., 2006) . Cluster analysis and PCA were performed with the R base package. Lineage fingerprints were established by setting on/off expression thresholds (off < 4, on > 5) and using Boolean logic to find uniquely expressed genes in each cell type and each grouping. When selecting a T cell fingerprint, activated T cells were removed from the data set and naive T cells (both CD4 + and CD8 + ) were averaged together.
The FDR q value for each list ranged between 0.00185 and 0.08933.
RT-PCR Analysis
RNA was isolated using the RNAqueous kit (Ambion) from FACSsorted cells isolated independently from the samples used for array analysis. For qRT-PCR, RNA was reverse transcribed with random hexamer primers using Super Script II (Invitrogen). cDNA input was standardized and qRT-PCRs were performed with Taqman master mix, 18 s-rRNA probe (VIC-MGB), and a gene-specific probe (FAM-MGB, Applied Biosystems) for 55 cycles using an AbiPrism 7900HT (Applied Biosystems). For standard RT-PCR used to confirm T cell genes, RNA was prepared as above with the addition of DNase I treament before RT followed by phenol:chloroform extraction. cDNA input was standardized, and PCR was performed for 40 cycles. The reader should note that some genes (e.g., Evi1) are represented by multiple probe sets, which in some cases give differing results, typically appearing with a differential expression profile for one set, and appearing as ''off'' in all cell types with other probe sets. This is due to variations in the efficacy of Affymetrix probe sets, and the 5 0 bias of some probe sets. False positives are much less likely than false negatives, so we assume the positive probe set is correct, as borne out by the analysis shown in Figure S1 with Evi1. The reader is urged to verify expression profiles of particular interest with qRT-PCR and to be aware of the limitations of Affymetrix probe sets (Allison et al., 2006) .
Knockout Analysis
All knockout data were obtained via the 3.44 MGI database (http:// www.informatics.jax.org/). The phenotypes are classified into a hierarchical tree with the terminal categories being very precise descriptions and the initial categories being very broad descriptions. To obtain all knockouts, the ''hematopoietic system phenotype'' and ''immune system phenotype'' were grouped into a single list (''hematopoietic knockout data''). All genes on the array that have a reported knockout were identified. The frequency of fingerprint genes that have a hematopoietic phenotype was compared to the frequency of hematopoietic knockouts found by chance within all knock-out data. A Z statistic was used to determine the significance of enrichment fingerprint genes found within the knockouts with a reported hematopoietic phenotype and reported in Table S4 . A Z statistic above 3 SD was considered significant for this enrichment.
KEGG Analysis
KEGG is a suite of gene databases systematically organized into metabolic and signaling pathways (http://www.genome.ad.jp/kegg/) (Ogata et al., 1999) . The mean expression value for each KEGG pathway was obtained by taking the mean of the expression values of each gene on the microarray for a given KEGG pathway. The mean expression value of all KEGG pathways for each hematopoietic cell type was obtained using all the genes on the array (not limited to the fingerprints). An ANOVA to identify pathways with a significant variation between the cell types (ANOVA p value % .05) was performed, and 65 significant pathways were identified. The pathways were then ranked by maximal abundance for each cell type and a heat map was generated using the centered data, enabling identification of differences in KEGG pathway activity between each of the cell types. KEGG pathways equally active in all cell types will not appear significant.
Chromosomal Analysis
Affymetrix probes were assigned a value of 1 if their expression value was equal to or greater than 4.5 and 0 if they were below 4.5. Each probe was then plotted to its chromosomal position, and a chromosomal expression map was created for each chromosome for each cell type by an R function we developed. Briefly, this function uses a sliding and overlapping window, which covers 20 probe sets (representing 14 genes on average) at one time and overlaps with the previous nineteen, that takes the sum of 1s within the window for the y axis and the mean chromosomal position for the x axis and uses these values to plot the expression map. For comparison between cell types, the expression map of one cell type was directly subtracted from all the other cell types in turn. To quantitate openness of chromatin we calculated the area under the curves and divided that by the possible area under the curve (if all y values were 20) to calculate a percentage of more open chromatin as shown by the chromosomal expression maps.
Retroviral HSC Transduction
Clones for Ets2, Zfp105, and Sox13 were TA cloned into a pENTR/D-TOPO vector, and the Gateway system was used to recombine Ets2, Zfp105, and Sox13 into a murine stem cell virus (MSCV) vector containing attR recombination sites. Vectors were packaged using 293T
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Cell Stem Cell cells by cotransfection with pCL-Eco (Naviaux et al., 1996) . CD45.2 mice were treated with 5-fluorouracil (150 mg/kg, American Pharmaceutical Partners) 6 days before harvesting WBM. WBM was enriched for Sca-1 + cells using magnetic enrichment (AutoMACS, Miltenyi) and adjusted to a concentration of 5 3 10 5 cells/ml in transduction medium, containing Stempro 34 (GIBCO), nutrient supplement, penicillin/streptomycin, L-glutamine (2 mM), mSCF (10 ng/ml, R&D Systems), mTPO (100 ng/ml, R&D Systems), and polybrene (4 ug/ml, Sigma). Thawed virus was applied at an moi of 1, and the suspension was spin infected at 250 3 g at room temperature for 2 hr (Kotani et al., 1994) . After transduction, the cells were incubated at 37 C for 3 hr and transplanted into lethally irradiated CD45.1 mice. Engraftment, transduction, and lineage analysis were performed on peripheral blood 12 weeks after transplantation by FACS (FACSaria, BD). The lineage analysis method is shown in Figure S3 .
Supplemental Data
Supplemental Data include five figures and five tables and can be found with this article online at http://www.cellstemcell.com/cgi/ content/full/1/5/578/DC1/.
